Abstract: In most application of the data classifications, the data sets contain both continuous and categorical variables. In other word, multivariate data sets containing mixtures of continuous and categorical variables arise frequently in practice. This paper presents a novel Probability Neural Network (PNN) which can classify the data for both continuous and categorical input data types. The case with either continuous or categorical input variables is a special case of the mixtures of continuous and categorical input variables. Therefore, the proposed PNN can be also applied to these two special cases. Expectation Maximisation (EM) algorithm is widely used for mixture models of continuous variables, but not applicable for categorical variables. A mixture model of continuous and categorical variables is used to construct a Probability Density Function (PDF) which is the key part for the PNN.
INTRODUCTION
Probability density functions (PDF) play an important role in pattern recognition. If we know PDF for each class, then the probability of the new pattern belonging to each class can be obtained by using the Bayes' rule. Mixture models (Yuille 1994 , Michalis 2001 , Bishop 1995 are widely used to approximate a true density function for continuous variables. The Parzen window estimator (Parzen 1962 ) is a fundamental technique for estimating PDF. The mixture model for the binary variables was studied by Yang (2001) . However, it is quite often that the data set of a real application contains both continuous variables and categorical variables with values 0,1,2,…,m (m > 0). It is noted that the binary variables are the special case of categorical variables (m=1). This paper presents a new approach of finding PDF for a mixture of continuous and categorical input variables, which we call the probability neural network (PNN) for the mixtures of continuous and categorical input variables. Up to now, most of the works are dealing with either the binary variables (m=1) or continuous variables which are special cases of our approach. The number of components can be determined by using the algorithms proposed by Cang (2001) , which has successively be applied for determining the number of components in PDF. This paper consists of five sections. In section 2, the widely used Expectation Maximisation (EM) algorithm is briefly described. Section 3 presents a new mixture model for the mixture of continuous and categorical variables. The probability neural network and the procedures of training probability neural network are presented in Section 4. An experimental result is presented in Section 5. The conclusions are presented in Section 6.
GAUSSIAN MIXTURE MODELS FOR CONTINUOUS VARIABLES
The EM algorithm is widely used to estimate parameters in mixture models for continuous variables. For M components, the mixture density for a d dimensional vector X can be written as a linear combination of component density functions p(X|j) in the form
where P(j) are the parameters in the mixture model and satisfy the following conditions
The component density functions p(X|j) in (2.1) satisfy
The most widely used distribution for each component density is the Gaussian distribution. The Gaussian mixture model is only applicable for continuous variables. The form of the Gaussian density function for each component is
where the parameters µ j and ∑ j are the means of a ddimensional vector and a d×d covariance matrix, respectively. Values for the parameters P(j), µ j and ∑ j can be determined in each component using the EM algorithm (Bishop 1995) as follows.
First, a K-means clustering method is used for a fixed number of components M in (2.1) to determine parameters P(j), µ j and ∑ j for each component p (X|j) in (2.4). Clearly the condition (2.3) is satisfied. Then, the parameters P(j), µ j and ∑ j are obtained for each component using the following recursive formulas. 5) where N is the size of the data set and the weight is 
. The EM algorithm described in section 2 can not be applied directly. We propose a new model to handle this issue. The X can be represented as
Assuming that the categorical variables are independent of each other, for a mixture of continuous and categorical variables in mixture model p(X) (2.1), we propose to represent component p(X|j) as the following form 
. Two special cases are:
• If the variables are all continuous variables, (3.1) reduces to p(X|j)=p(X c |j) and p(X c |j) satisfies Gaussian distribution (2.4).
• If the variables are all binary variables, (3.1) reduces
Therefore, the proposed model (3.1) includes the continuous or binary models, which are widely applied as a special case. Next, we show that how to determine the parameters in (3.1) for a mixture of continuous and categorical variables (any number of categorical variables). The general form of the functions f k (m) (x) is investigated in section 3.2.
Determining f k (m) (x) in Mixture Model (3.1)
In this section, we will develop a general form for the functions f k (m) (x) in (3.1).
We can rewrite the function f k (m) (x) (k = 0,1, 2,…,m) as follows:
If variable x takes the categorical value i,
. So the coefficients a ki (m) (i = 0,1,2,…,m and k = 0,1,2,…,m) satisfy the following equations. (k=1,2,…,m) for any m can be calculated by using (3.5). It is noted that equation (3.5) is easy to apply. We can show that the inverse of X exists and the computation is not an issue since it will be computed off-line.
Maximum Likelihood and EM Algorithm for Mixture Model
In this section, we determine the parameters in the jth (j=1,2,…,M) component defined in (3.1). 
From (3.6), it is easy to see that maximizing the
is equivalent to minimizing E.
Setting the derivatives with respect to each parameter in (3.6) to zero, we obtain where N is the size of the data set and the weight is
where p(X n |j) is defined in (3.1) as p(X|j).
It is noted that equations (3.7) and (3.8) are the same as equations (2.5) and (2.6), but the calculation of weights w j n defined in (3.8) need X n which is a mixture of continuous and categorical variable in (3.7) and (3.8). In the modified EM algorithm for the maximum likelihood (3.6), we can use (3.7), (3.8) and (3.10) to update the parameters. The mixture model for continuous and categorical Variables is determined.
PROBABILITY NEURAL NETWORK
The architecture of probability neural network is described in Figure 1 . Typically, this probability neural network has d inputs and k outputs (one for each class). The main different with a classical neural network lies on the specific functional form of the base functions which are considered to be density functions for each class as well as on some constraints involving from the hidden to the output layer.
Figure 1: Probability Neural Network
Following the discussion in section 3 and Figure 1 , we summarise the computing algorithm for (3.1) as below.
Modified EM Algorithm:
(1). For the supervised learning, divide the data set into two parts, the training and test data sets. The size of the training data set is N.
(2). Partition the training data set for each class.
Thus we obtain a number of sub-training data sets. Each sub-training data set belongs to one class. The size of the sub-training data set is
and K is a total number of classes.
(3). For each sub-training data set which belongs to one class, determining the number of components using the algorithms proposed by Cang (2001) and then compute the parameters for each components in (3.1) using (3.7), (3.8) and (3.10). Then obtain the mixture models ) / ( k C X p defined in (2.1) for each class, where C k indicates class k.
(4). Compute the prior probability for each
EXPERIMENT STUDY
In this section, we apply the new PNN to a realistic data set (Trauma data set) and we also compare PNN with the standard MLP neural network. The cross validation method is used for these problems. The data is partitioned into a fixed number (N) of partitions or folds, each fold is hold out as test data in turn, while the other N-1 folds are measured and then the N estimates are averaged to give a final accuracy.
In the following analyses, the definitions for the confusion matrix, sensitivity, specificity, true positive rate (TPR) and false positive rate (FPR) for two classes are given as follows. where Sensitivity = Number of true positive decisions/Number of actually positive cases = A 22 /(A 12 +A 22 ). Specificity = Number of true negative/Number of actually negative cases = A 11 /(A 11 +A 21 ).
True positive rate (TPR) = Sensitivity.
False positive rate (FPR) = 1 -Specificity.
The Helicopter Emergency Medical Service (HEMS) attached to the Royal London Hospital has gathered data from pre-hospital trauma patients over a tenyear period. The size of the trauma data is 1044 excluding 321 patterns that contain missing data somewhere. The outcome is a lived/died prediction on individual patients. The trauma data is an unbalanced data with only 158 died cases among 1044 patterns. There are 16 features including 5 continuous features in this data set. The features are described as in Table 2 , where 'Con' indicates a Continuous feature and 'Cat' Indicates a categorical feature. In order to test every single pattern and make comparisons for these methods, we divided the trauma data into five almost equally size fold without overlapping each other. The sizes of each fold are 208, 208, 208, 210 and 210, respectively . We used one fold as the test data set and the rest of four fold as the training data set in turn. This has guaranteed that every pattern in the trauma data would test once. This random partitioning was done 10 times. For each partition data, the means of the sensitivity, specificity and classification rates for all 5 folds of the test data are calculated by using two methods. One is the new PNN. The other method is the standard MLP neural network with one hidden layer. The results of the sensitivity, specificity and classification rate set are shown in Table 3 for the test data. From Table 3 , we can see that our new approach, PNN with 88.04% classification rate in overall mean, give a better result for the test data set than the MLP neural network with 85.81%, even use the nomalized input variables for MLP neural network. For the training data, we can see that there is a over training for MLP neural network, while there is no problems on this matter for the PNN.
CONCLUSIONS
This paper has proposed a new probability neural network (PNN) for a mixture of continuous and categorical variables inputs. We have used a realistic data set (Trauma data set) to demonstrate that the proposed method is more reliable, and more accurate than the standard MLP neural network. It can be applied in many problems. The main problem for the MLP neural network is the over training, while the PNN can overcomes this problem, and the PNN does not need to use the cross validation data set.
The PNN can be applied to multi-class and high dimensional data set. In order to reduce computation time for a high dimensional data set, we can reduce dimension by using wider range of feature selection algorithms or principal components analysis (PCA) first, then apply PNN to this reducing dimensional data set as input.
The PNN can be used as unsupervised learning as well. We can obtain the clusters without considering the class label and measure the similarity and different among the clusters. The number of the clusters can be determined by the algorithms proposed by Cang (2001) . We found that for unsupervised learning using the PNN is more accurate and more robust than the principle component analysis (PCA) for the most complicate data sets.
